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Abstract
Height and intensity information derived from Airborne Laser Scanning (ALS) was used to obtain a quan-
titative vertical stratification of vegetation in a multilayered Mediterranean ecosystem. A new methodology
for the separation of different vegetation strata was implemented using supervised classification of a two-
dimensional feature space spanned by ALS return height (terrain corrected) and intensity. The classification
was carried out using Gaussian mixture models tuned on a control plot. The approach was validated using
extensive field measurements from treated plots, ranging from single vegetation strata to a more complex
multi-layered ecosystem. Plot-level canopy profiles derived from ALS and from a geometric reconstruction
based on field measurements were in very good agreement, with correlation coefficients ranging from 0.73
(for complex, 3-layered) to 0.96 (simple, single-layered). In addition, it was possible to derive plot-level in-
formation on layer height, vertical extent and coverage with absolute accuracies of some decimetres (simple
plots) to a meter (complex plots) for both height and vertical extent and about 10 to 15% for layer coverage.
The approach was then used to derive maps of the layer height, vertical extent and percentage of ground
cover for a larger area, and classification accuracy was evaluated on a per-pixel basis. The method performed
best for single-layered plots or dominant layers on multi-layered plots, obtaining an overall accuracy of 80
to 90%. For subdominant layers in the more complex plots, accuracies obtained were as low as 48%. Our
results demonstrate the possibility of deriving qualitative (presence and absence of specific vegetation layers)
and quantitative, physical data (height, vertical extent and ground cover) describing the vertical structure of
complex multi-layered forest ecosystems using ALS-based height and intensity information.
Key words: airborne laser scanning, LiDAR, shrubland, wildland fires, cluster analysis, canopy profile,
supervised classification, vertical stratification, Gaussian mixture models, multi-layered ecosystems
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1. Introduction
Vegetation stands can be described in many ways
using properties related to composition, function and
structure, where the descriptors to be used are de-
termined by management objectives. Knowledge on
vegetation structure are central to forest stand de-
scriptive work and provide essential information on
the vertical and horizontal organisation of plants. Cer-
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tain structural properties such as basal area, canopy
height, leaf area index, and vertical stratification (it-
self being a function of canopy geometry and fo-
liar arrangement) are related to important ecosystem
processes, and are fundamental to the understand-
ing of forest dynamics. The risk of fire, and dam-
ages due to wind and pest depend to a certain de-
gree on canopy structure [MacLean, 1996; Sandberg
et al., 2001; Bergeron et al., 2009], where the pres-
ence/absence of different vertical stratification layers
and the continuity/discontinuity between them can
determine stand vulnerability. Methods evaluating
vertical forest stand properties are thus important tools
in risk assessment schemes. Furthermore, the ver-
tical structure of forests is a vital attribute that de-
termines habitat quality for many forest-dwelling or-
ganisms [Humphrey et al., 1999; Camprodon and Bro-
tons, 2006a], and the species composition of the ground
flora [Ferris et al., 2000]. Consequently, vertical struc-
ture has been used for habitat assessments [Graf et al.,
2009a], and could be used as a quantitative indicator
of biodiversity for the assessment of sustainable for-
est management [Ferris and Humphrey, 1999]. Veg-
etation structure is affected by complex interactions
of many ecosystem parameters. Some of these are
inherent to the system (e.g. competition for light),
others are external as effects of topography or distur-
bances. Our interest is in mapping structural prop-
erties that are relevant in the context of managing a
forested ecosystem, e.g. by monitoring fuel build-up
of the understory, which is of high societal relevance
in many fire prone countries. Unfortunately, the ver-
tical structure is a forest stand property that cannot be
directly mapped using passive remote sensing tech-
niques.
Wildland fires are a threat to socio-economic val-
ues in many countries and are controlled by spatially
and temporally varying boundary conditions, e.g. such
as weather, fuel, and topography [Countryman, 1972;
Pyne et al., 1996]. Fuel has a strong influence on fire
behaviour, so that its characterisation and mapping
are key issues for fire behaviour assessment through
modelling but also for management planning and fuel
hazard mapping [Riano et al., 2003; Andersen et al.,
2005]. Several fuel characteristics are required to as-
sess fire behaviour, including moisture content, fuel
load, size of the fine particles but also its horizontal
and vertical spatial distributions. Such data can be
used in spatially explicit fire models to assess fire be-
haviour. These models (Farsite, [Finney, 1998], Be-
have [Andrews, 1986], FIRETEC [Linn et al., 2005])
provide estimates of fire intensity and rate of spread
to be expected with the given fuel load and distri-
bution and prescribed atmospheric conditions. Fuel
vertical stratification is an important component in
determining potential wild-land fire behaviour, espe-
cially the transition from surface to crown fires (e.g.
by the presence of a shrub layer inbetween), which
represents a significant change in terms of fire be-
haviour and fire fighting opportunities [Van Wagner,
1977; Pimont et al., 2006].
As pointed out earlier, fuel maps are essential
for planning the managing (e.g. manual shrub re-
moval) and fuel hazard mapping (very different from
basic fuel maps) in the context of fire prevention.
In France, the elaboration of fire prevention plans
has been required by law or local regulation in many
communities since 1985. In addition, because fuel is
almost the only fire factor (opposed to weather and
topography) that can be managed, a significant part
of fire prevention is based on fuel treatments. Fuel
management techniques include mechanical treatments,
controlled grazing and prescribed burning [Xanthopou-
los et al., 2006]. Subsequent fuel treatments may
consist of maintaining low shrub fuel loads at fuel
breaks as well as in security buffer zones around road
networks, or by shrub clearance around houses situ-
ated in the wildland-urban interface (WUI). In France,
the State Forest Service (Office National des Foreˆts,
ONF) and local communities are the principle actors
responsible for maintaining fuel breaks, for example
by shrub clearance based on phytovolume threshold
values [Etienne et al., 1994]. Additionally, France
has introduced a legislation for human settlements in
the WUI that oblige owners of properties located in
high fire risk regions to clear the shrub layer within
a minimum distance of 50 m around buildings and
other installations (French Forestry Act 2001, art. L-
321-5.3). The possibility of efficiently monitoring
extensive areas and mapping the status of the shrub
layer could significantly improve the elaboration of
prevention plans, as well as the fuel management plan-
ning and the identification of strategic areas to be fuel
treated in the WUI or on fuel-breaks. It would be es-
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pecially true if an extensive mapping of shrub layer
properties was possible.
LiDAR (Light Detection And Ranging) remote
sensing is unique among optical earth observation
technologies in that it provides a direct methodology
for assessing the elevations on the earth’s surface.
Using a time-of-flight measurement of a laser pulse
in combination with known orientation and position
of a measurement platform, the three-dimensional lo-
cations of scattering objects can be estimated. Ap-
plication of this data was mainly for surveying pur-
poses, however other applications such as forest in-
ventory have been tested as well [Næsset, 2002; Popescu
andWynne, 2004; Næsset, 2004; Ginzler et al., 2007].
ALS [Wehr and Lohr, 1999; Lefsky et al., 2002; Næs-
set, 2002; Popescu and Wynne, 2004] have proven
efficient at the landscape level to provide three-dimensional
information and stand properties of various forest ecosys-
tems [Hyde et al., 2005]. Large footprint (> 10 m)
LiDAR systems are suitable for estimating common
forest parameters (e.g. forest height, forest biomass
and vertical structure of forest canopies) at the stand
level with high accuracies [Dubayah and Drake, 2000],
while small footprint (< 1m) LiDAR systems can be
used to estimate forest properties down to the level
of single trees [Hyyppa¨ et al., 2001; Morsdorf et al.,
2004, 2006]. Up to now, ALS data has been less suc-
cessful in providing accurate information about verti-
cal components of grasslands and shrublands where
vegetation height is commonly underestimated due
to difficulties discriminating between the ground and
low shrubs [Rango et al., 2000; Jason and Bork, 2007].
Shrubland communities and forest ecosystems with
important shrub layers are dominant wildland fuel
types in the Mediterranean region, for which data
about height and cover density are valuable informa-
tion in predicting potential fire behaviour. A first at-
tempt in the Mediterranean region at exploiting the
structural information of ALS in combination with
imaging spectrometry has been carried out by Koetz
et al. [2008]. Multiband images of ALS based height
and density metrics were generated and combined in
that study with airborne imaging spectrometry data
to form a multi-dimensional dataset containing dis-
tinct features of a number of land-cover types, in-
cluding build up areas. This unique approach in-
creased the accuracy of a support vector machine (SVM)
based classification of fuel related land cover types
opposed to using imaging spectrometry data alone.
In the present study airborne laser scanning data was
used to explore the possibilities to detect and char-
acterise the vertical stratification of vegetation types
in the French Mediterranean region, including lower
vegetation layers such as the shrub layer. It focuses
on the structural information comprised in the ALS
data, based on assessing its explanatory value in com-
parison with detailed field measurements in a con-
trolled environment. The main objectives of this study
are to use small footprint airborne laser scanning data
(i) to test algorithms for automatically describing the
vertical stratification of plant communities, and (ii)
to develop a robust methodology for mapping forest
fuel layer properties, including fuel treatments. Spe-
cial considerations are given to the possibility of us-
ing ALS intensity measurements for improved clas-
sification of fuel layers. The methods will be tested
and validated on treated field plots, where the differ-
ent vertical strata were either isolated or combined.
2. Study area
2.1. Description
Our surveyed area consists of a forested area situ-
ated in the calcareous Provence in the FrenchMediter-
ranean region: the Lamanon study area (Bouches--
du-Rhoˆne). The study area comprises of similar veg-
etation types ranging from open shrublands to dense
multi-layered forest ecosystems. The area has been
selected because it contains gradients from simple
single-layered ecosystems with distinct vertical strat-
ification layers to complex multi-layered ecosystems
with a continuous vertical stratification, thus mak-
ing them suitable for testing LiDAR under difficult
conditions and identifying possible limitations due
to the density or complexity of the plant cover. The
Lamanon study area is an experimental study site
in a mixed Mediterranean pine-evergreen oak wood-
land with Aleppo pine (Pinus halepensis) in the up-
per and holm oak (Quercus ilex) in the lower tree
canopy layer, and the shrub layer dominated by box
(Buxus sempervirens). All three species are ever-
green with foliar abscission occurring all-year-round
although distinct seasonal peaks do occur. At the
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study site, shoot and leaf development mainly oc-
curs during early spring (March-May) for all three
species, while foliar abscission peaks shortly after
shoot development for Q. ilex (June-July), and dur-
ing the dry season (July-August) for B. sempervirens
and P. halepensis. Foliar biomass had not recovered
to their maximum values in October at the time of
ALS data collection, but the fluctuations (all vegeta-
tion strata taken together) observed at a similar study
site within the same region show small variations
with a minimum in June-December (R. Huc and G.
Simioni, pers. comm.). Aleppo pine and holm oak
are two of the most widely distributed tree species
in the Mediterranean region where they form either
pure or mixed forest stands with a well-developed
shrub layer. In South-East France, pure stands of
Aleppo pine (126 000 ha) and holm oak (329 000 ha)
are major forest types, where they also form mixed
forest stands (80 000 ha) (source: French National
Forest Inventory, IFN). The study area (16.5 ha), al-
though relatively small, is typical for calcareous Provence,
where pure or mixed stands of Aleppo pine and holm
oak are the dominant forest types, and they occupy
85% of the total forest area in the administrative di-
vision Bouches-du-Rhoˆne where the study area is sit-
uated.
2.2. Plot layout and design
We benefited from an already existing long-term
ecosystem experiment that was originally set up to
study species interactions and ecophysiological con-
straints related to hydraulic stress in a mixedMediter-
ranean forest ecosystem and for which the size of
study plots were optimized. The experimental study
site is composed of three treatments and one con-
trol plot without replicates: (1) ”oak”, shrub clear-
ing and pine clearing; (2) ”pine”, shrub clearing and
oak clearing; (3) ”pine-oak”, shrub clearing with tree
layer intact; and (4) ”control”, which is an untreated
plot. The study site is thus a collection of simple and
complex ecosystems ranging from single species for-
est with a discontinuity between the ground and tree
canopy, to a mixed species forest with a vertical con-
tinuum from the ground to the top of the tree canopy.
The size of the treated plots was 30 m x 30 m, while
for the control plot it was 40 m x 30 m, all with a 15
m wide buffer zone. On all plots, subplots with 5 m
x 5 m size were established.
The study plots were established 2001 and bush
clearing and clear felling of trees were carried out
in winter 2005/2006. The perimeter of the four dif-
ferently treated plots is presented in Figure 2, field
measured values of the plot properties are listed in
Table 2.
2.3. Field data collection
The field data was collected on grids constructed
of 7 by 7 (Oak, Mixed and Pine) and 7 by 9 (Control)
subplots (each 5 m by 5 m in size). On these grids,
the vertical abundance of holm oak and the plants
constituting the shrub layer (mainly box) were mea-
sured as a fractional cover for height layers spaced
25 cm apart. Pine tree locations were measured rela-
tive to this grid along with their height and crown di-
mensions consisting of two orthogonal diameters and
crown base height. For each of the dominant species,
volume fraction [m3
m3 ] and bulk density [
kg
m3 ]were esti-
mated based on vertically distributed sampling. The
initially relative geolocation within the sample plots
was translated to absolute coordinates using differen-
tially corrected global positioning system (GPS) ref-
erence points of the outer plot boundaries acquired
with sub-centimeter precision. However, since the
grids were initially laid out using a tape measure and
a compass, internal accuracy within the sample plots
is expected to be in the order of a few decimeters.
Most of the field measurements were provided in
vectorised form (e.g. for the pine trees), thus the in-
formation on the presence of the various canopy lay-
ers was converted to a voxel grid using a geometric
representation of the pine trees (see Figure 1). The
grid has a voxel size of 25 cm x 25 cm x 25 cm and a
voxel was considered to be filled with canopy mate-
rial when it was contained or intersected with any of
the vectorised plant layers, e.g. if a voxel was con-
tained within one of the reconstructed tree crowns
depicted in Figure 1. The volumes contained within
the voxels were converted to canopy volume by a
multiplication with the volume fraction of the respec-
tive species. If crowns were intersecting, the respec-
tive voxel’s canopy volume were added on to each
other. This way, a direct comparison of canopy vol-
ume profiles and ALS return statistics became possi-
ble (Figure 6).
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Figure 1: Three-dimensional representation of data available
for the mixed field plot (side-view). Colored dots denote raw
ALS echos with their respective heights, while pine tree geom-
etry was reconstructed using ellipsoids according to field mea-
surements. Oak layer depth was assessed on subplots as top and
bottom height (transparent surface).
2.4. Airborne laser scanning data
Table 1: Specifications and configuration of Optech’s ALTM
3100 sensor platform as used in this study.
ALTM 3100 Configuration
Nominal Altitude 800 (500) m
Range Resolution 1 cm
Angular Resolution 0.01◦
Scanning Angle ± 20◦
Pulse Frequency 70 kHz
Laser Wavelength 1064 nm
Beam Divergence 0.8 mrad
A helicopter operated by Helica OGS2 was equipped
with an airborne laser scanner, the laser terrain map-
per ALTM 3100 (Optech Inc., Canada) and an AISA
Eagle imaging spectrometer. The ALTM 3100 sys-
tem comprises a laser rangefinder recording up to
four returns of the laser signal at a wavelength of
1064 nm, the settings used with this instrument in
this study are presented in Table 1. The survey was
conducted with a nominal flying altitude of 800 m
2www.helica.it
above ground level (AGL), a scan angle of ±20◦ and
pulse repetition frequency (PRF) of 70 kHz, leading
to an average point density of 3.7 points per square
meter (p/m2). A smaller area (600 m x 200 m) was
scanned using a higher resolution (lower flying al-
titude of about 500 m AGL) leading to an average
point density of 6-8 p/m2. Effects of atmospheric
transmission in the laser’s wavelength can be con-
sidered minimal as the atmospheric correction of the
imaging spectrometer data (flown on the same plat-
form as the LiDAR) has shown a clear atmosphere
with a visibility of up to 30 km [Koetz et al., 2008].
The processing of the raw ALS data was carried out
by Helica OGS, including the integration of GPS and
INSmeasurements using the Applanix POSPAC soft-
ware (Version 4.20). In a second step, using Optech’s
REALM software, the raw data was processed into
x,y,z-coordinates in the UTM-WGS 84 (Zone 31 Nord)
system. Calibration was then done using Terramatch,
using a total of 22 ground control points (GCPs) pro-
vided either by differential GPS measurements or by
national surveying3 points within the area. The data
was then classified using Terramatch’s proprietary
routines [Axelsson, 1999] into ground and vegeta-
tion echos and delivered in binary LAS format. The
classified raw data was interpolated into gridded ter-
rain and surface models with 1 m resolution for the
large areas and 0.5 m resolution for the smaller high-
resolution areas.
3. Methods
3.1. Processing of LIDAR point cloud
The LIDAR raw data was delivered in binary LAS
format according to LAS Specification 1.14 format,
which uses special bits and fields to provide impor-
tant metadata for each recorded echo. This infor-
mation includes number of returns in one particular
shot, scan angle and classification of echos (ground
or vegetation). This way, all of the relevant informa-
tion for deriving high quality products is preserved.
For each laser shot, multiple echos were still linked
and a special bit was used to encode echo classes.
Echos classes consisted of e.g. single return, first of
3provided by Institut Geographique National (IGN)
4LAS User Manual
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Figure 2: ALS derived intensity values for the small test area and location of field plots. Intensity values are uncorrected digital
numbers of single echos interpolated into a raster with 0.5 m resolution. Note that the ground within the shrub cleared plots (mixed,
pine and oak) appears brighter than areas still containing shrub as lowest layer. The geometric features in the upper right are
vineyards.
two, second of three or last of four. The dominant re-
turn type for our test area were single and two (first
and last) echos. Together, they accounted for about
96% of the LIDAR returns. Three and four returns
are less common, with three echos per laser shot ob-
tained in about 4% of the cases and four echos being
well below 1%.
3.2. Use of intensity values
Intensity has not been extensively used in ALS
(discrete return) based vegetation studies, due to prob-
lems in calibrating and interpreting the digital num-
bers obtained by the instruments. Those problems
are many-fold, and range from not known instrument
specifications (time-varying pulse energy, unknown
receiver response function) to issues caused by the
fuzziness of the vegetation itself. The former ones
will be of less issue in our study, since we only use
ALS data from one, short flight strip and topographic
variation within the study area is small (few meters),
but the latter introduces some problems in dealing
with intensity data of vegetation. For plane, homoge-
neous targets, the intensity would directly be corre-
lated with target reflectance, assuming the scattering
process could be considered Lambertian. However,
as vegetation is vertically dispersed within the foot-
print and is itself a composition of canopy elements
of different sizes and orientations with varying as-
sociated reflectance values, such a simple relation-
ship is not evident. Still, as the sum of these opti-
cal and structural properties might be more or less
constant for trees of the same species (or at least for
the same age class of a specific species), ALS inten-
sity data might be helpful in the context of vegetation
studies. As mentioned earlier, several issues have
to be overcome before intensity data might be used
for these purposes. One of them is due to the maxi-
mum energy in LiDAR pulses available for reflection
not being constant, caused either by changes in the
LASER output energy or by changes in the optical
path. Moffiet et al. [2005] presented a way of test-
ing for influence of sensor/platform related effects in
LiDAR intensity data. They correlated the ground
and vegetation intensity of first pulses for different
plots and obtained high correlation. They concluded
that this was related to either unstable laser pulse en-
ergy or platform movements, which would both al-
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ter the maximum energy available for reflection and
thus introduce a correlation of intensity data of ob-
jects which are spectrally different. To correct for the
latter, a range dependent correction of intensity data
was tested according to Ho¨fle and Pfeifer [2007] (for
full-waveform data in this particular study). How-
ever, as terrain undulations of the small test area were
within a few meters, it did not provide significant re-
sults and was thus not used in this study. For the
generation of maps of larger spatial extent (and thus
larger terrain differences) the range dependency of
the intensity data needs to be corrected.
Kaasalainen et al. [2009] presented an approach
of radiometric calibration of ALS intensity using flat
reference targets with known optical properties, how-
ever this method would work only for echos from flat
surfaces. Another problem in dealing with ALS in-
tensities is due to the vertical dispersion of the canopy
elements and the non-homogeneous energy distribu-
tion within the footprint. These effects, combined
with the impossibility of locating single scattering
objects within the footprint, make the interpretation
of multiple echo intensity data very difficult. Multi-
ple echo intensity values would normally need to be
corrected, since a large fraction of the available pulse
energy has already been reflected in upper parts of
the canopy. Unfortunately, due to the issues men-
tioned above, it is impossible to estimate how large
that fraction is and correction will fail. Thus, sin-
gular intensity values from multiple echos are not
suitable for discriminating vegetation properties such
as reflectance and arrangement of canopy material.
For single echos, this should be less evident. Sin-
gle echos do occur as well in the vegetation, in cases
where the vegetation at a single (presumably thin)
layer is dense enough to trigger such an echo [Næs-
set, 2009]. Normally, single echos are mostly trig-
gered from solid objects completely contained within
the laser footprint. To illustrate this with the findings
from our data, we plotted intensity values from the
three shrub treated plots (mixed, pine and oak), sep-
arated by echo class (single, first and last) in Figure
3.
All the plots presented in Figure 3 have been cleared
of the shrub layer, leaving only pine and/or oak as
vegetation layers. For single echos, the pine and oak
layers span a different range of intensities, with about
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Figure 3: Scatter plot of ALS measured intensities and vegeta-
tion heights, for single (top), first (middle) and last (bottom) re-
turn type classes. Colors denote returns originating from differ-
ently treated field plots. Thus, please note that the mean height
of the oak layer on the mixed plot is about two and a half meters
lower compared to the oak plot (see also Table 2).
40 to 100 Digital Number (DN) for oak and about 20
to 60 DN for pine. On the contrary, it can be noted
that while first and last echo intensities have still dif-
ferent maxima (about 100 for oak and 60 for pine),
their minima are now less distinct, since the vertical
dispersion of canopy elements adds a random factor
decreasing intensity from the possible maximum for
a specific species. Therefore, for multiple echos it
seems less feasible to use an intensity threshold for
species discrimination. However, it should be noted
that the average (using all echos depicted in Figure
3) value of first echo intensity is different for the pine
and oak layers on the respective plots.
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3.3. Vertical fuel stratification by 2D - cluster anal-
ysis
As mentioned above, the unknown amount of en-
ergy available for first and last echo scattering is less
of an issue for single echos. Consequently, for single
echos, the two classes of oak and pine were more dis-
tinct in terms of intensity (Figure 3). Thus, for single
echos, intensity might provide supplemental infor-
mation for discriminating the two vegetation classes,
in addition to the height information. Based on these
observations, we propose a methodology based on
cluster analysis of the 2D feature space spanned by
echo height and echo intensity to derive physical prop-
erties of the three main fuel classes (pine, oak and
shrub) abundant in our study area. Cluster analysis
is the assignment of a set of observations into sub-
sets (called clusters) so that observations in the same
cluster are similar in some sense [Spath, 1985]. In
most cases this similarity can be described by a met-
ric in the defined feature space. In our case, the fea-
ture space is spanned by ALS laser echo height (ter-
rain corrected) and ALS intensity, and the distance
metric is euclidean.
The physical properties derived from the clusters
include the minimum and maximum height of the
layers and a proxy for its density based on the rela-
tive number of laser echos contained within each fuel
layer and pixel. The classification was first tested on
the control plot, which was untreated and thus most
representative of the natural vegetation in our study
area.
The classification results of single echos from the
control plot are presented in Figure 4. When the
maximum number of clusters were four, we were
able to separate the three vegetation layers on the
control plot. The pine layer tops out at about 16
m height and extends down to 10 m and covers a
rather low intensity range of about 20 to 60 DN. Be-
neath the pine layer, the oak layer is visible as a dis-
tinct layer topping out at about 8 meters and reach-
ing down to about 4 m, to the beginning of the shrub
layer. The shrub layer reaches down to the ground
of the control plot, rendering a simple echo height
threshold problematic for a robust discrimination of
low shrubs and ground. However, single echo inten-
sity distribution at ground level is grouped into two
distinct peaks, with a relative minimum of number of
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Figure 4: Scatter plot of ALS measured intensities and vegeta-
tion heights, for control plot including shrub and ground layers.
Colors represent assignment to different clusters based on a su-
pervised classification of the point cloud using four seedpoints.
All laser echos, including those classified as ground return, have
been used for this analysis.
echos at about 80 DN in-between (small panel in Fig-
ure 4). This effect can as well be observed in Figure
2, where the ground within the shrub cleared plots
appears to be brighter (green polygons). Hence, we
tested using this effect to separate very low shrubs
(< 0.5 m height) from bare and/or littered ground.
However, it was found that the classification of points
in the terrain model generation process provided an
overall more robust way in discriminating low shrubs
from bare ground. Therefore, we applied the cluster
analysis only on points classified as vegetation re-
turns by Terramatch [Axelsson, 1999].
Traditional k-means clustering algorithms (as used
in Morsdorf et al. [2004]) need prescribing a fixed
number (k) of clusters [Xu and Wunsch, 2005], ob-
taining best results with some wisely chosen starting
locations for these clusters. This approach, however,
is unfeasible in our case as we wanted to detect the
presence or absence of single classes in our study
area. Thus, the number of classes to segment will
vary in between data traps. In addition, an euclidean
distance-based cluster analysis might fail for smaller
data traps, as one vegetation layer might only be rep-
resented by few laser echos, which are more likely to
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be assigned to larger clusters containing echos from
a different class instead of composing its own clus-
ter. Since some of the features of the classes to be
segmented were already known, we opted for using
a supervised cluster analysis based on multivariate
normal distributions. For each of the four classes
identified in Figure 4, we computed mean values and
covariance matrices. These values were then used to
construct a four component Gaussian mixture model
within the two-dimensional feature space, abstract-
ing the point cloud as classified in Figure 4. This
model was then used with a specialized cluster func-
tion for a supervised classification of the feature space
in smaller data trap sizes. Using this approach offers
the advantage of working with smaller data traps,
since a robust classification with fewer points (as op-
posed to e.g. simple k-means clustering) is feasible.
Clustering and generation of Gaussian mixture mod-
els were performed using the statistics tool box of
MATLAB 7.6 (Mathworks, Natick, Massachusetts,
USA); the functions used are based on McLachlan
and Peel [2000]. For the proper computation of co-
variance matrices and Gaussian mixture model, the
feature space needed to be scaled so that clusters
will have close to spherical shape. As intensity and
echo height have very different ranges (0-16 m for
terrain corrected echo height and 20-110 [DN] for
ALS intensity), we divided the values of intensity
by 10. The pixel size (or horizontal data trap size)
has to be chosen depending on the amount of single
echos available, with the efficiency of the classifica-
tion being better for larger number of single echos.
We started off using non-overlapping 5 m sized data
traps, but initial tests showed that the number of sin-
gle echos within those 5 by 5 m might not be enough
(average of 48 total and 25 within vegetation) to sup-
port a robust classification. For different ecosystems
and vegetation layers, the number of recorded single
echos from vegetation may vary. Thus, we increased
the pixel size of our data traps to 10 meter, but kept
the resolution of the destination grid at five meter res-
olution, establishing an overlap of 50%. This over-
lap will introduce some smoothing in the final data
products, but still be sensitive to finer spatial scales
compared to using the larger data trap size with no
overlap. From the segmented clusters, we computed
physical properties of each of the different vegeta-
tion strata such as mean height, vertical extent and
percentage of cover, as depicted in Figure 5.
Pine layer extent
Pine layer height
% Cover
Oak layer extent
Oak layer height
% Cover Shrub layer extent
% Cover
Shrub layer height
Figure 5: Illustration of physical properties derived by super-
vised cluster analysis for each of the three vegetation layers.
4. Results
4.1. Canopy volume profiles
In Figure 6, the canopy volume profiles computed
from the field measurements (methodology was de-
scribed in Section 2.2) are plotted along with the re-
spective ALS return distribution. Profiles have been
converted to be relative to terrain height by subtract-
ing the height information provided by the DTM.
In the pine plot (Figure 6, top left), only one veg-
etation layer remained after the clearing; it’s upper
and lower boundaries at 15 and 5 meters, respec-
tively, seem to be very well captured by the ALS
return statistics. The general shape of the profiles
is in good agreement, which was not necessarily ex-
pected, since the reconstruction of the field measure-
ment was carried out using ellipsoids without any
random or fuzzy distribution of canopymaterial within
the tree crowns. For the multi-layered plots (mixed
and control), the intermittent peak due to the oak
layer at about 4 (mixed) and 7 (control) meters veg-
etation height are at the same location and of similar
magnitude for both ALS based estimates and field
measurements. Of special interest is whether ALS
would be able to identify the relative density differ-
ences between the different layers. Qualitatively, this
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Figure 6: Height distribution of all LiDAR returns (top panels) and canopy volume profile as derived from geometric reconstruction
of the field measurements (bottom panels). Different colors denote different vegetation layers. For ALS, laser returns have been
assigned to those layers by a 2D supervised cluster analysis of the feature space spanned by echo height and intensity. Therefore,
the interleaving vertical extent of the different strata can be captured. All laser echos (not only single echos) have been used for the
distributions in this graph. Total number of echos refers to all laser echos contained within the plot, inlcuding ground returns.
seems to be the case for the mixed and control plots,
with the pine layer topping out at about a third of the
oak layer peak in both field measurements and ALS
return statistics (mixed plot). For the control plot,
the peaks are roughly about equal size. Occlusion
of lower layers might alter this ratio between field
measured canopy density and ALS based estimates
for lower canopy layers, but apparently this seems
to be less of an issue here, at least for the oak layer
beneath the pine layer. To assess the agreement of
the canopy profiles quantitatively we computed Pear-
son’s linear correlation (two-tailed) of the number of
ALS returns per height bin and the field measured
canopy volume profile for each of the four plots. The
single-layered plots show highest correlation, being
0.96 (pval < 0.001, n = 34) for the oak and 0.91
(pval < 0.001, n = 50) for the pine plot. The multi-
layered plots show lower, but still strong Pearson’s
correlation values of 0.85 (pval < 0.001, n = 66) for
the mixed plot and 0.72 (pval < 0.001, n = 79) for
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the control plot. These lower correlations are due to
differences of the histograms at lower heights, pos-
sible causes will be discussed in detail in Section 5.
A more detailed assessment of the derivation of the
physical properties of the different strata at smaller
data trap sizes (including the shrub layer) will be pre-
sented in the next section (4.2).
4.2. Vertical fuel stratification
Our validation approach comprises validating two
classes of stratification products at different resolu-
tions. One aspect is the accuracy of the physical
properties of the different vegetation strata; which
are assessed using plot-averaged values of for instance
the average canopy height of the pine layer. These
values are based on the cluster analysis using all laser
echos presented in Figure 6. The other aspect is to as-
sess how accurate the presence or absence of a spe-
cific vegetation layer can be predicted at finer res-
olutions, using only single echos. These two vali-
dation approaches will be presented in the next two
subsections, their implications will then be discussed
in Section 5.
4.2.1. Physical properties at plot level
For each of the segmented layers we computed
height (location of the layer above the ground), ex-
tent (thickness) and percentage of cover. Height was
computed as mean z-value of the laser echos within
each cluster, while for the extent the difference be-
tween two 95% percentiles was used opposed to us-
ing simple min and max values of each clusters. By
using percentiles, we aimed to reduce the influence
of isolated echos. For the field measurements, we
used the voxelised representation of the data as pre-
sented in Figure 1 to compute the same values (height,
extent and percentage cover) at the same locations.
In Table 2, the values measured in the field for
each of the three different layers (pine, oak and shrub)
are compared with respective ALS-based estimates
(italic) for each of the four differently treated plots.
The maximum height of the pine layer is underesti-
mated in average by about a meter, while the max-
imum height of the oak layer is overestimated by
about 0.5 m. Standard deviations of the height values
are generally quite small, being in the order of few
decimetres, with the exception of crown base height
of the pine layer, where the standard deviation is one
meter. The bias of estimated mean canopy height for
the pine layer is quite small, being only 0.2 m (± 0.5
m). Crown base height was estimated with a smaller
bias (0.07 m, ± 1.0 m) for the top pine layer in com-
parison with the intermediate oak layer, where the
bias was as large as 1.37 m (± 0.49 m). Percent-
age of cover was only slightly under-estimated for
the top pine layer (8%), while a larger overestima-
tion can be observed for the lower oak layer (15%),
with standard deviations being in the same orders of
magnitude, 7.6 and 18 % respectively.
4.2.2. Classification accuracy - high resolution
Table 3: Classification accuracies regarding presence and ab-
sence of a particular vegetation layer on the 5x5 meter subplots.
Overall accuracies, Cohen’s kappa coefficient κ, type I errors
(strata present in ALS data, but not in field data) and type II
errors (strata present in field data, but not in ALS data) are pre-
sented for each of the four differently treated field plots.
Classification accuracies [%]
Layer Pine Oak Shrub
Control plot - 63 pixel - κ = 0.5034
Overall Acc. 89 63 48
Type I error (α) 0 8 38
Type II error (β) 10 29 14
Pine plot- 42 pixel - κ = 0.8194
Overall Acc. 86 91 86
Type I error (α) 0 8 14
Type II error (β) 14 0 0
Oak plot - 42 pixel - κ = 0.7350
Overall Acc. 97 56 94
Type I error (α) 3 8 6
Type II error (β) 0 36 0
Mixed plot - 42 pixel - κ = 0.6838
Overall Acc. 67 69 100
Type I error (α) 0 0 0
Type II error (β) 33 30 0
The other aspect of validation is the number of
correctly classified pixels in terms of absence or pres-
ence of one of the specific vegetation strata (pine,
oak and shrub). We used the grid as established by
the subplots (5 m x 5 m pixel or data trap size, 49 (63
for the control plot) pixel for each of the four plots)
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Table 2: Maximum, minimum, mean height and percentage of cover of the three strata on the four field plots, as measured in
the field and estimated by ALS (italic). For each of the vegetation layers, a bias and a standard deviation was computed (bold
values).∗Please note that the shrub layer on the mixed, pine and oak plot was removed by the time of the ALS survey.
Field plot Control Mixed Pine Oak Field-ALS
As estimated by: Field ALS Field ALS Field ALS Field ALS Mean Std.
Pine tree layer
ALS echos per class 3957 1952 2445 -
Maximum canopy height [m] 17.8 16.5 14.8 14.4 16.3 15.2 - - 1.1 0.45
Average canopy height [m] 11.8 11.9 9.0 8.9 10.8 9.9 - - 0.2 0.51
Crown base height [m] 8.3 9.2 5.8 5.8 7.2 6.1 - - 0.07 1.0
Cover [%] 52 61 43 43 44 59 - - -8 7.6
Oak tree layer
ALS echos per class 3075 2079 - 2919
Maximum canopy height [m] 8.6 9.7 7.7 7.7 - - 9.4 9.9 -0.53 0.55
Average canopy height [m] 6.4 6.3 4.6 4.3 - - 6.2 5.6 0.33 0.25
Crown base height [m] 4.8 3.2 3.6 2.8 - - 4.8 3.1 1.37 0.49
Cover [%] 46 51 72 43 - - 74 53 15 18
Shrub layer
ALS echos per class 2760 - - -
Maximum shrub height [m] 4.0 3.0 - - - - - - -1.0 -
Average shrub height [m] 1.2 0.6 0.2∗ -∗ 0.3∗ -∗ 0.2∗ -∗ -0.6 -
Cover [%] 61 50 8∗ -∗ 12∗ -∗ 8∗ -∗ -11 -
for the validation of correct classification of the three
layers. For each pixel, the presence of each of the
different strata as estimated by field measurements
and was compared with our ALS based method. Us-
ing all 5 m x 5 m sized subplots from the four field
plots, we derived overall accuracy as a percentage of
correctly classified pixels. Especially in the context
of fuel management, one needs as well to know how
much omission and commission errors contribute to
a lower overall accuracy. Therefore, we additionally
computed Type I (error of commission) and Type II
(error of omission) errors. A Type I error would be
flagged if one of the vertical strata was present in
our ALS-derived layers, but not in the field data. On
the other hand, a pixel would be considered contain-
ing a Type II error if the vertical layer was present
in the field data, but not in the ALS-derived infor-
mation. Correctly classified pixels are those where
both ALS and field measurement agree on either ab-
sence or presence of a vertical strata. The respective
values from classification are displayed in Table 3.
The overall accuracy for the dominant pine layer is
as high as about 90% on three of the four field plots
(89, 86, 97% respectively for control, pine and oak
plots), only the mixed plot has lower, but still ade-
quate overall accuracy of 67% for the pine layer. For
the oak plot, the overall accuracy of 97% denotes the
percentage of pixels where the absence of the pine
layer was correctly identified. Consequently, the re-
maining 3% error are due to commission of ALS pix-
els to the pine class which is not present on this plot.
The subdominant oak layer is less accurately classi-
fied with overall accuracies around 60%, except for
the pine plot, where the absence of the oak layer
could be predicted with an accuracy of 91%. The
dominant error for the oak layer are omission errors,
where the ALS based method failed to detect the oak
layers present in our field data. This is especially evi-
dent in the complex control plot, where the lower oak
layer and shrub layer may have been confused for
several pixels. The classification accuracy of shrub
layer presence is again lower, being 48% on the con-
trol plot. To the contrary, the absence of the shrub
layer on the pine, oak and mixed plot can be very
well predicted, with overall accuracies of 86%, 94%
and 100%, respectively.
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Figure 7: Results of vertical stratification by ALS height and intensity based cluster analysis. Average layer height (left), layer
thickness (center) and a relative density (right) based on the number of ALS returns within each layer are presented for each of the
three strata pine (top), oak (middle) and shrub (bottom). The pure pine, pure oak and mixed pine/oak plot (including a 15 m buffer
zone) have been cleared from shrubs.
The produced maps of the physical properties of
each layer (see Figure 5) such as mean, minimum
and maximum height and percentage of cover are
presented in Figure 7. Please note that the results
for the single plots might be slightly different as for
the evaluation of classification accuracy in Table 3,
as we used the original, tilted grid for that evalua-
tion and the maps in Figure 7 were produced using
a standard 2D coordinate grid with north-south and
east-west as coordinate axes. Still, the maps do agree
very well with the findings of Table 3 as can for in-
stance be seen at the shrub layer, in which absence is
predicted with high accuracy on the three manually
treated plots.
5. Discussion
A new approach for deriving the vertical stratifi-
cation of canopy elements for a multilayeredMediter-
ranean ecosystemwas implemented and validated us-
ing extensive field measurements from southern France.
ALS-based canopy profiles derived using all recorded
echos from the sample plots were in very good agree-
ment with field measurements, with higher correla-
tions for the simpler, single-layered plots (0.91 and
0.96) and somewhat lower, but still significant values
for the double- (0.85) and three-layered (0.73) plot.
The lower part of the oak layer in the mixed plot (0.5
- 3 m) is not very well represented in the ALS return
statistics. The reasons for this may be the instru-
ment dead-time, which is about 2 m and would re-
sult in a lower number of distinct first and last echos
from a layer close to the ground. Still, single echos
should be able to provide some information on this
layer and there are many echos in that height range
in the control plot (Figure 6, bottom right). Other
causes might be considered here as well, such as oc-
clusion by taller vegetation, inappropriate geometric
reconstruction of the oak layer and/or inconsisten-
cies in field measurements. An automated methodol-
ogy of deriving physical properties of different veg-
etation strata using a two-dimensional feature space
spanned by ALS echo height (terrain-corrected) and
single echo intensity was applied. Including ALS
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echo intensity as an additional feature helped in sep-
arating layers that could not be separated by pure
echo height based thresholds, and the interleaving
nature of those layers was captured (Figure 6). At
the plot level, the method provided high accuracies
of height and extent of the dominant layers, with bi-
ases and standard deviations in the order of some
decimetres and up to about a meter of systematic
under-estimation of maximum canopy height at the
pine layer. As for other LiDAR-based studies of veg-
etation, error sources for this under-estimation could
be laser pulse penetration in combination with sam-
pling issues [Gaveau and Hill, 2003]. However, only
the maximum canopy height is affected by this prob-
lem, and consequently shows larger bias of one me-
ter. The mean canopy height of the tree layers are es-
timated with much higher accuracies (some decime-
tres), even on the complex control plot. This proves
that our methodology is capable to provide the phys-
ical properties of the different strata with accuracies
that are close to those of the time- and cost-consuming
field work. Height of the shrub layer was underesti-
mated by about a meter, however, one has to take
into account that the voxelised shrub layer descrip-
tion was only available for 8 subplots on the con-
trol plot, and therefore the numbers regarding the
presence and properties of the shrub layer need to
be treated with a bit of caution. Still, the method-
ology provided good results to generally infer the
presence or absence of the different vegetation lay-
ers at 5 m resolution, performing best at the sim-
pler plots and for the dominant layers with high over-
all accuracies (> 80%). The results were lower for
the complex plots e.g. classification accuracy of the
shrub layer on the three-layered control plot was only
48%. This decrease was expected, and is most likely
caused by occlusion, which is generally a problem in
ALS based vegetation studies [Harding et al., 2001].
Other factors contributing to lower performance of
some plots might be due to the interleaving nature
of the different classes in the two-dimensional fea-
ture space, which negatively influences separability
of those classes. Such confusion between classes
might as well explain the modest overestimation of
the intermediate oak layer cover, paired with the slight
underestimation of the top pine layer and the bot-
tom shrub layer cover. Additional information (such
as echo width) provided by a full-waveform system
could be used to increase the dimensionality of the
feature space and ultimately provide more explana-
tory value in separating the different classes. This
study used ALS intensity as an additional source of
information for the segmentation of different classes,
which has been used to discriminate species in an
segmented point cloud, as e.g. by a single tree ex-
traction method [Holmgren et al., 2008].
5.1. Implications for fire prevention planning and fire
hazard mapping
The methodology presented offers the advantage
of providing explicit information on physical prop-
erties of vertically dispersed vegetation strata at the
plot-level and information on their presence and ab-
sence at higher spatial resolution (5 m pixel size).
This information cannot be directly retrieved with
passive optical remote sensing methods and delivers
information even on those strata that would normally
be occluded in passive optical data. On one hand,
the physical properties of vegetation are important
input factors for fire behaviour modelling, which in
turn would lead to new inputs into an advanced fuel
management plan, e.g. new directives for manual
fuel treatment. On the other hand, the classification
of absence/presence of vegetation layers is of high
relevance in terms of supervising fuel management
directives that are already in practice. For instance,
at the wildland-urban interface the presented method
can be used to survey if the house owners do not clear
their surroundings of the shrub layer as demanded
by local policies. For fuel management in wildland,
vegetation phytovolume and namely shrub stratum
phytovolume is an important field indicator for as-
sessing fuel encroachment. By giving access to cover
and height of the main vegetation stratum, i.e. the ba-
sic inputs to calculate vegetation phytovolumes, this
ALS based approach can thus assist for mapping fuel
break networks on a given area. This methodology
could be useful to estimate understory fuel encroach-
ment in these strategic fuel isolation areas especially
if tree layer is thinned enough as required by French
fuel break treatment standards [Xanthopoulos et al.,
2006]. This would be valuable information for es-
timating appropriate fuel treatment interval and for
planning fuel management operations.
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5.2. Implications for wildlife management and bio-
diversity conservation
Our results demonstrate that ALS can discrim-
inate between several vegetation strata and provide
important structural information (such as height and
cover) in multi-layered Mediterranean ecosystems,
which could be of value to wildlife management and
biodiversity conservation [Turner et al., 2003]. For
example, the vegetation understory layer is an impor-
tant ecosystem component determining habitat qual-
ity for many forest-dwelling species such as birds
and ungulates for which it provides forage and shel-
ter [Farmer et al., 2006;Michel et al., 2008; Vospernik
and Reimoser, 2008]. ALS-based methodologies could
thus be incorporated in wildlife management and bio-
diversity conservation schemes with the aim to im-
prove habitat suitability assessments at the landscape-
level. Graf et al. [2009b], for example, were able to
provide a more fine-grained picture of habitat suit-
ability for Capercaillie in the Swiss Alps using ALS-
based measures of horizontal and vertical structure as
compared to prior habitat suitability models based on
large-scale passive sensor data. Furthermore, com-
petition for light, water and nutrients between differ-
ent vegetation strata play a role in determining lo-
cal understory plant community dynamics [Mitchell
and Kirby, 1989], and ultimately local plant species
composition and diversity [Berger and Puettmann,
2000]. Changes caused by natural (e.g. fire and
ungulates) or anthropogenic (e.g. forestry practices)
disturbances to the understory vegetation could fur-
ther have cascading effects at higher trophic levels
[Mitchell and Kirby, 1989; Allombert et al., 2005b,a;
Camprodon and Brotons, 2006b; Slik and Van Balen,
2006]. Descriptors of the vertical stratification of
forest ecosystems could thus be used as quantitative
indicators for the assessment of biodiversity [Ferris
and Humphrey, 1999] related to certain taxonomic
groups such as plants, insects and birds [Bergs, 2004].
Goetz et al. [2007] showed as an example that canopy
vertical distribution information could be used to pre-
dict bird species richness in eastern temperate forests
of the United States.
6. Conclusion and outlook
We were able to successfully demonstrate that
small-footprint airborne laser scanning height and in-
tensity information could be used to discriminate be-
tween three different vegetation strata in a multilay-
ered Mediterranean ecosystem. It was possible to
validate physical properties derived for those strata at
plot level, and we obtained satisfying accuracies for
the classification of vegetation strata at higher resolu-
tions using ALS-based intensity as an additional pre-
dictor variable. Small-footprint full-waveform data
would very likely provide even more explanatory value
for the discrimination of different vegetation classes
by providing not only the intensity, but also the echo
width, while keeping the high spatial resolution gen-
erally obtained by small-footprint systems. Even for
full-waveform systems, the intensity will suffer from
the unknown area of vertically dispersed canopy within
the footprint. On the other hand, echo width has
proven to be useful for classifying ground and vege-
tation returns [Ducic et al., 2006;Wagner et al., 2008].
The echo width is not affected by scattering objects
above or below the recorded echo for which the width
information is exploited; rather it is directly related
to the physical properties of the scattering object, and
thus should provide a much more robust classifier
than intensity. This only holds true, of course, if
differences in echo width can be linked to a single
species. To apply the method to larger areas, we pro-
pose a two-step procedure. First, a land cover clas-
sification should be carried out combining LiDAR
and imaging spectrometry data (method described in
Koetz et al. [2008]). Second, the method described
in this study can be used for a dedicated assessment
of the vertical structure of the vegetation contained
within the vegetated areas, where a traditional classi-
fication approach as in Koetz et al. [2008] would not
be capable of e.g. providing physical properties of
different vegetation strata. Of much greater benefit
for a study like this would be the use of a multi-
spectral canopy LiDAR with wisely chosen wave-
lengths, which would register the unique spectral sig-
natures of the different strata of vegetation. Sev-
eral studies pointed at the potential benefits of such
a system [Rall and Knox, 2004; Tan and Narayanan,
2004], and a prototype of such an instrument was de-
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veloped at the University of Edinburgh (I.H. Wood-
house, pers. comm.). A modelling study highlighted
the ability of such instruments to assess both the phys-
iology and structure of vegetation canopies [Mors-
dorf et al., 2009].
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